tissue specificity and gene-body methylation (gbM), are also known to be associated 85 with constraint (15-18) and could affect cis-regulatory variation. 86
Variation in purifying selection can also result from broad, genome-scale 87 forces that affect genes mainly as a result of their genomic environment, and not due 88 to their specific function. For instance, in the self-fertilizing species Caenorhabditis 89 elegans, variation in the impact of background selection across the genome had a 90 major effect on the distribution of cis-regulatory variation across the genome (8). If 91 background selection is important, then one might generally expect levels of cis-92 regulatory variation to be associated with recombination rate and/or gene density (19) . 93
At present however, the relative importance of gene-level constraint vs. genome-scale 94 evolutionary forces for the distribution of cis-regulatory variation remains unclear in 95 most species. 96
In this study, we have investigated the selective importance and genomic 97 correlates of common cis-regulatory variation in the outcrossing crucifer species 98
Capsella grandiflora. This species is particularly well suited for studying differences 99 in the impact of selection across the genome, as it has relatively low population 100 structure (20) and a large, stable effective population size (21, 22) . Indeed, selection 101 on both protein-coding (23) and regulatory regions (18) is highly efficient in C. 102 grandiflora, and high levels of polymorphism enhance the power to detect cis-103 regulatory variation and quantify selection. Genomic studies are facilitated by the 104 close relationship between C. grandiflora and the selfing species Capsella rubella, for 105 which a genome sequence is available (22) . 106
Here, we identified genes with common cis-regulatory variation in C.
variation, whereas presence of nearby TEs and tissue specificity of expression 119 increase the odds of ASE. Our results provide novel evidence for a link between gbM 120 and cis-regulatory constraint, possibly reflecting greater dosage-sensitivity of body-121 methylated genes. 122 123 Results 124 125 Widespread cis-regulatory variation in C. grandiflora 126
To identify genes with cis-regulatory variation, we quantified allele-specific 127 expression based on deep whole transcriptome sequencing data (total 93.5 Gbp with 128 Q≥30) from flower buds and leaves of three C. grandiflora F1s ( Supplementary Table  129 S1). Each F1 harbored an average of about 235,700 high-confidence heterozygous 130 coding SNPs, which were phased prior to analyses of ASE. After filtering, on average 131 approximately 13,400 genes per F1 were amenable to ASE analyses (Table 1) . 132
We assessed ASE using a Bayesian method (24), accounting for technical 133 variation in allelic counts using high-coverage whole genome resequencing data for 134 each F1 (mean coverage of 40x, total 26.6 Gbp with Q≥30; Supplementary Table S2 ). 135
We estimated that a mean of 35% (range 33-39%) of analyzed genes show ASE in 136 individual C. grandiflora F1s (Table 1) . Similar proportions of genes had ASE in both 137 leaves and flower buds (Table 1) and allelic expression biases were moderate for most 138 genes with ASE, with strong allelic expression biases (0.2 ≤ ASE ratio ≥ 0.8) shown 139 by an average of 5.1% of genes (Figure 1 , Supplementary Figures S1 and S2). 140
Out of a total of 11,532 genes that were amenable to analysis of ASE in all 141
F1s, there were 1,010 genes that showed ASE in either leaves or flower buds, 313 142 genes showed ASE in flower buds but not leaves, 404 genes showed ASE in leaf 143 samples but not flower buds, and 293 genes had ASE in both flower buds and leaves 144 of all F1s (Supplementary Figure S3 ). Among the 1,010 genes with ASE leaves or 145 flower buds of all F1s, one GO category, GO:0006952, "defense response" was 146 significantly enriched at FDR ≤ 0.01. This was likely driven by genes with ASE in 147 leaves, as there was no significant enrichment of Gene Ontology (GO) terms among 148 genes with ASE in flower buds, whereas six biological process GO terms associated 149 with photosynthesis and defense responses were significantly enriched (FDR ≤0.01) there was a nominally significant enrichment of genes in only two GO terms, protein 152 binding (GO:0005515) and zinc ion binding (GO:0008270) (Weighted Fisher P ≤ 153 0.01), but this was not significant at FDR ≤ 0.01. 154
155

Lower intensity of purifying selection on genes with cis-regulatory variation 156
To assess the impact of selection on genes showing cis-regulatory variation in C. 157 grandiflora, we sequenced the genomes of 21 individuals from one population in the 158 Zagory region of Greece (the 'population sample') as well as 12 individuals from 159 separate populations across the species range (the 'range-wide sample') using 233.2 160
Gbp of high-quality (Q≥30) paired-end 100 bp Illumina reads and a mean coverage of 161 25x per individual ( Supplementary Table S2 ). We called variants using GATK best 162 practices and filtered genomic regions as previously described (25) to identify a total 163 of 6,492,075 high-quality SNPs, most of which (5,240,485) were also segregating in 164 the population sample. 165
We compared levels of polymorphism at genes that show ASE in all of our 166 F1s (1,010 genes; 'ASE genes'), using as a control set the 10,552 genes that were 167 amenable to ASE analyses in all F1s but did not show significant ASE (termed 168 'control genes') (Supplementary Figure S3 ). To reduce bias resulting from the 169 requirement of expressed polymorphisms for analyses of ASE, all population genetic 170 analyses were conducted only on these paired gene sets, and genes that were not 171 amenable to analysis of ASE were not included. ASE genes had elevated 172 polymorphism levels compared to the control at all investigated site classes, as well as 173 an elevated ratio of nonsynonymous to synonymous polymorphism (Table 2; 174 Supplementary Table S4 ), suggesting that the impact of purifying selection might 175 differ between ASE and control gene sets (Table 2 ; Supplementary Table S4 ). 176
To quantify the impact of purifying selection on ASE genes and control genes, 177 we used the DFE-alpha method (26, 27), which allows estimation of a gamma-178 distribution of negative fitness effects based on site frequency spectra (SFS) at 179 putatively neutral and selected sites. We found that ASE genes have a significantly 180 higher proportion of nearly neutral nonsynonymous mutations than control genes, as 181 well as a significantly reduced proportion of nonsynonymous mutations under strong 182 purifying selection (strength of purifying selection N e s>10) ( Figure 2 ). This result assuming a constant population size as well as after correcting for population size 185 change (Supplementary Figure S4 ). The result also holds after controlling for 186 differences in the expression level among genes with and without ASE 187 (Supplementary Figure S5) , and when classifying genes based on a single F1 188 individual (Supplementary Figure S6 ), suggesting that the results hold broadly for 189 common cis-regulatory variation. Our results further remain unchanged after 190 removing defense-response genes (GO:0006952) with ASE ( Supplementary Figure  191 S7) prior to DFE-alpha analyses, and thus strong balancing selection on these genes 192 does not drive the patterns we observe. 193
In contrast to the clear evidence for weaker purifying selection at 194 nonsynonymous sites for genes with ASE, there were no significant differences in the 195 DFE depending on ASE status at 5'-UTRs (Supplementary Figure S8 ). For introns, 196 results were inconsistent, with some but not all analyses pointing to weaker purifying 197 selection on control genes (Figure 2 , Supplementary Figure S9 , Supplementary Table  198 S5). This could suggest that patterns of selection differ among coding and noncoding 199 regions. However, at other noncoding regions than introns, such as promoter regions 200 500 bp upstream of the TSS and at 3'-UTRs, there was some evidence for relaxed 201 purifying selection at ASE genes (Figure 2 ; Supplementary Figures S10-S11, 202 Supplementary Table S5 ). These results held only under the 1-epoch model, which 203 could in part be due to a lack of power, as regulatory motifs are expected to make up a 204 small fraction of the analyzed sites. Consistent with this, we infer weaker purifying 205 selection on upstream regions and UTRs than on nonsynonymous mutations 206 (Supplementary Figures S8-S11; Supplementary Table S5 ). 207 208
Genes with cis-regulatory variation undergo less frequent adaptive evolution 209
To investigate the impact of positive selection on genes with and without ASE we 210 obtained estimates of ω a , the rate of adaptive substitutions relative to neutral 211 divergence (28) in DFE-alpha. For this purpose, we relied on genome-wide 212 divergence between Capsella and Arabidopsis, with 4-fold synonymous sites 213 considered to be evolving mainly neutrally (see Methods for details). Using this 214 method, we find that ASE genes show a significantly lower proportion of adaptive proportion of adaptive fixations in the selected site class, based on the approximate 219 method of (29), designed to yield accurate estimates in the presence of linked 220 selection. Results generated with this method were consistent with DFE-alpha, with a 221 significantly lower estimate of the proportion of adaptive nonsynonymous 222 substitutions at genes with cis-regulatory variation than at control genes in C. 223 grandiflora (Figure 3) . 224 225
Determinants of cis-regulatory variation in C. grandiflora 226
To identify genomic factors and potential drivers of cis-regulatory variation, we 227 conducted logistic regression analyses with presence/absence of ASE as the response 228 variable. We included a total of 12 predictor variables, chosen to include proxies for 229 variation in mutation rate, recombination rate, gene density, expression level and 230 degree of constraint, which could be expected to affect levels of cis-regulatory 231 variation (see Methods for details). The best-fit model retained eight of these 232 predictor variables (Table 3 ). In this model, gbM had the greatest effect on cis-233 regulatory variation, resulting in a reduction of 49% in the odds of observing ASE 234 (Table 3) , whereas the presence of polymorphic TEs within 1 kb of the gene also had 235 a substantial effect, increasing the odds of ASE by 38%, followed in turn by tissue 236 specificity of expression, promoter diversity, expression level, gene length and 237 nonsynonymous/synonymous polymorphism, all of which increased the odds of ASE 238 (Table 3) . Including network connectivity improved model fit, although the effect was 239 not individually significant (Table 3) . Notably, gene density and recombination rate, 240 which affect the intensity of linked selection, were not included in the best-fit model. 241
Similar results were obtained in an analysis that followed the approach of (30) to 242 ensure orthogonality of predictors by using principal components of all continuous 243 predictors in logistic regression analyses ( Supplementary Tables S6 and S7 ). These 244 analyses suggest that variation in gene-specific constraint are important for shaping 245 the distribution of cis-regulatory variation across the C. grandiflora genome, and that 246 gbM and presence of nearby TEs are strong predictors of cis-regulatory constraint. 247 248 Discussion 249
Our results show that genes that harbor common cis-regulatory variation in C. 250 grandiflora are under weaker purifying selection, and experience less frequent 251 positive selection than other genes. We further find that gene-specific features that are likely to reflect the degree of functional constraint and mutational input are better 253 predictors of cis-regulatory variation than those that are expected to shape the broad 254 impact of linked selection across the genome. These functional constraints do not 255 appear to limit the potential for adaptation at coding sequences, as positive selection 256 had a greater impact on coding divergence at genes that did not exhibit common cis-257 regulatory variation in C. grandiflora. 258
Our findings support the view that most standing cis-regulatory variation in 259 natural populations is weakly deleterious (7), and our robust inference of relaxed 260 purifying selection on genes with common cis-regulatory variation agrees well with 261 those of a recent eQTL mapping study in C. grandiflora (9). Our inference of relaxed 262 purifying selection on genes with common cis-regulatory variation do not appear to be 263 driven by balancing selection or conditional neutrality affecting a subset of defense-264 related genes that show ASE, as our results remain unchanged after removing such 265 genes. 266
The major association between gbM and cis-regulatory constraint that we 267 detected is particularly interesting, because the function of gbM is currently unclear 268 (31, 32). The conservation of gbM of orthologs in very distantly related plant species 269 suggests that gbM has functional importance, but intriguingly, some plants lack gbM 270 (31-33). Body-methylated genes tend to be longer than other genes, expressed at 271 It is possible that the associations we detected between genomic features and 277 cis-regulatory variation are caused by underlying drivers that were not directly 278 measured. One natural candidate is gene essentiality. However, while gbM is 279 significantly associated with predicted gene essentiality (37) (Fisher exact test 280 P<0.001), our results do not appear to be driven by essentiality, which was not 281 retained in our best-fit logistic regression model for cis-regulatory variation. Instead, 282
we hypothesize that selection for increased stability of expression of dosage-sensitive 283 genes could underlie several of the associations we observe. Dosage-sensitive genes 284 exhibit less expression noise (12, 38), show less variation in expression among tissues, reduced tissue-specificity of expression and increased network connectivity were 287 associated with a reduced likelihood of ASE. Furthermore, expression variation 288 among three biological replicates of a C. rubella genotype (25) that likely represents 289 mainly noise, is significantly lower for genes with no ASE than for those with ASE 290 (median CV of FPKM=0.28 for genes with ASE, 0.18 for control genes, Wilcoxon 291 rank-sum test, P-value<10 -5 ). Finally, defense-related genes, which are thought to be 292 dosage-insensitive in plants (39), were significantly enriched among genes with cis-293 regulatory variation in our study, whereas protein-binding genes were nominally 294 enriched among control genes without ASE. Both promoter polymorphism and TE 295 insertions, which can impact expression in several ways (40), might be expected to be 296 more likely to be tolerated near dosage-insensitive genes. Our results are therefore 297 consistent with dosage sensitivity causing strong constraint on cis-regulatory variation 298 and shaping the impact of positive and purifying selection on coding variation. Thus, 299 similar functional constraints that shape duplicate gene retention after whole genome 300 duplication (14) For analyses of ASE, we generated three intraspecific C. grandiflora F1s by crossing 309 six individuals sampled across the range of C. grandiflora ( Supplementary Table S8 ). 310
For population genomic analyses of C. grandiflora, we grew a single offspring from 311 field-collected seeds of each of 32 plants ('the population genomic sample'; 312 Supplementary RNA and DNA reads from the F1s were trimmed as previously described (25). 333
Adapters and low quality sequence were trimmed using CutAdapt 1.3. We analyzed Prior to ASE analysis, we conducted read-backed phasing of genomic variants in F1s 359 using GATK v. 2.5-2 ReadBackPhasing (-phaseQualityThresh 10). RNAseq data 360 from all F1s were subsequently phased by reference to the phased genomic variants. 361
Read counts for all phased fragments were obtained using Samtools mpileup. This 362 resulted in a mean number of 31,313 contiguous phased fragments per F1 (Table 1) . 363
To validate our phasing procedure, we compared the phased fragments, based 364 on reads, with the phased chromosomes, based on heritage, in three interspecific C. 365 grandiflora x C. rubella F1s from (25). For most genes, over 95% of SNPs were 366 correctly phased in the interspecific F1s, demonstrating that our phasing procedure is 367 reliable (Supplementary Figure S13; Supplementary Figure S14 ). 368 369
Analyses of allele-specific expression 370
We analyzed ASE using a hierarchical Bayesian method which requires phased data, 371 in the form of read counts at heterozygous SNPs for both genomic and transcriptomic 372 data (24). Genomic read counts are used to obtain an empirical estimate of technical 373 variation which is then used in analyses of the RNAseq data. We used this method to 374 obtain estimates of the posterior probability and degree of ASE, for the longest phased 375 fragment per gene with at least three transcribed SNPs. We analyzed ~14,000 reliably 376 expressed genes for ASE in flower buds, and ~13,400 genes in leaves (Table 1) α and ω a , we relied on divergence to Arabidopsis; specifically, we generated a whole 407 genome alignment using lastz v. 1.03.54, with chaining of C. rubella, A. thaliana and 408 A. lyrata as described in (48), and counted divergence differences and sites as in (18). 409
DFE-alpha analyses were run using Method I (27). 410
To assess the effect of expression level on our DFE-alpha inference, we 411 selected genes among the control set of genes to match the distribution of expression 412 level of ASE gene by resampling the control genes to match the distribution of 413 expression levels in the ASE gene set. Purifying selection and positive selection were 414 then re-evaluated in DFE-alpha, using the resampled control gene set and the ASE set. 415
To assess whether our results were robust to the sampling strategy for ASE analyses, 416
we based our classification of ASE and control genes based on a single F1 individual 417 and repeated the DFE analyses. To investigate whether our results could be driven by 418 the inclusion of defense-related genes, we removed genes annotated as defense-419 response genes (GO:0006952), and repeated the DFE-alpha analyses. 420 421
Genomic determinants of cis-regulatory variation 423
We assessed the relative importance of a number of genomic features for 424 presence/absence of ASE using logistic regression, on a set of genes that was 425 restricted to those for which we could assess ASE. We included the following 426 genomic features that may affect linked selection: recombination rate and gene 427 density (in 50 kb windows). Gene density were based on the annotation of C. rubella 428 v1.0 reference genome (22). We obtained recombination rates per 50kb windows 429 based on 878 markers from (49) by fitting a smooth spline. We further included gene 430 length, tissue specificity (t;(16)), expression level (log FPKM values), and as a proxy 431 for mutation rate variation, we included 4-fold synonymous divergence to 432 Arabidopsis (d S ). Because promoter polymorphism may cause cis-regulatory variation, 433
we included nucleotide diversity (π) for the region 500bp upstream of the TSS. We 434 included nonsynonymous/synonymous nucleotide diversity (π N /π S ) to reflect the level 435 of constraint at the coding sequence level. According to the dosage balance 436 hypothesis, genes in smaller co-expression modules may be under reduced regulatory 437 constraint. We therefore included information on A. thaliana co-expression module 438 size (37) in our analyses. We further included information on the presence of retained 439 paralogs from the Brassicaceae α whole genome duplication or the β and γ whole 440 genome duplication (37). We identified a set of genes with gbM in both C. rubella 441 (33) and A. thaliana (17), which are highly likely to also harbor gbM in C. 442 grandiflora. Finally, we included information on polymorphic TEs within 1 kb of 443 genes in the range-wide sample. We identified TE insertions in our range-wide 444 sample as in (25), except that we required a minimum of 5 reads to call a TE insertion. 445
All continuous variables were centered and scaled prior to logistic regression, with 446 model selection using a stepwise AIC procedure with backward and forward selection 447 of variables to find the best-fit model (Table 3) . We repeated the analysis using an 448 analysis strategy which is superior to partial correlation analysis and robust in the 449 presence of noisy genomic data and multicollinearity of predictor variables (30). We 450 used a set of orthogonal predictor variables obtained by identifying principal 451 components for a data set including all the continuous variables using the "pls" 452 package in R, well as gene body methylation and presence of heterozygous TEs as 453 binary factors, and conducted model selection as described above. 
